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Project-based learning is widely recognized as an effective pedagogical approach in software engineering education, fostering real-world problem-solving, collaboration, and the integration of theory and practice. However, its scalability is challenged by the resources demanded for individualized feedback, especially in large classes. This pilot study explored the feasibility of simulated automated formative feedback to support student teams in a project-based software engineering course. Eighty-six students participated over 4 weeks, alternating between receiving simulated automated formative feedback emulated by instructors and standard feedback. Weekly surveys assessed perceptions of usefulness and motivation. No statistically significant differences were found between feedback conditions (Cohen's d = 0.16). Students expressed positive attitudes toward the simulated automated formative feedback: 78% agreed it supported their learning goals, and 74% reported it increased motivation. These findings suggest that automated feedback tools may effectively complement instructor support, offering a scalable solution for enhancing formative feedback in project-based learning environments.
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1 Introduction

With the increasing complexity of Information and Communication Technology (ICT) education, personalized learning approaches are becoming essential. ICT curricula now emphasize hands-on, project-based learning, where students work on real-world problems, often in collaboration with industry partners. This approach bridges the gap between theory and practice, ensuring graduates are well-prepared for professional challenges. Engineering education is moving toward student-centered learning for large groups, combining customized off-campus online learning with hands-on, experiential learning on campus. Modern ICT curricula continue to evolve to include personalization, adaptive learning, and real-time feedback to support the diverse needs of students (Graham, 2018).

A software engineering course should provide students with the technical skills essential for software development and help them develop their soft skills. Software engineering courses contain both technical and non-technical topics and can be complex from a teaching perspective (Ceh-Varela et al., 2023). Several studies have demonstrated that the project-based learning methodology is an effective approach for software engineering courses (Adorjan and Solari, 2021; Ceh-Varela et al., 2023; Fioravanti et al., 2018; Luburić et al., 2024; Subramaniam et al., 2017). Under this approach, students develop practical skills along with theoretical knowledge and essential soft skills, such as teamwork, communication, and project management. In software engineering courses, project-based learning covers the complete software development lifecycle from initial planning and requirement analysis to design, implementation, testing, deployment, and maintenance.

Moreover, Adorjan and Solari (2021) and Ceh-Varela et al. (2023) argue that the application of project-based learning to a software engineering course is effective not only with in-person students but also with online students or in a hybrid classroom environment. Although project-based learning provides students with many benefits, it is resource-intensive and can be challenging for students and teachers. A key aspect of the learning outcomes of software engineering courses focuses on developing the ability to manage technology and solve problems. Teachers should support students who need help with technology management or project development. Subramaniam et al. (2017) emphasize the role of formative feedback in helping students revise design choices during iterative development, facilitating reflection on emerging challenges, guiding strategic adjustments to prototypes, and building learners' confidence and competence throughout the software development lifecycle.

According to Subramaniam et al. (2017), formative feedback is essential for sustaining student progress during iterative development. It facilitates reflection on emerging challenges, supports strategic adjustments to prototypes, and strengthens learners' confidence and competence across all stages of the software development lifecycle. However, providing such feedback is challenging for teachers, especially in large classes where multiple student teams work on unique projects. In addition, the feedback should be given quickly enough (Sembey et al., 2024). Usually, students receive feedback once a week at face-to-face meeting sessions. Alternatively, they can contact the teacher by email, and the teacher should respond to the email within 3 days. As a result, students can spend a lot of time waiting for a response.

To cope with this problem, studies (Jia et al., 2022; Langove and Khan, 2024) recommend using automated immediate feedback or other tools to support students and facilitate reflection. Jia et al. (2022) demonstrate that automated systems can support this process by providing timely and structured feedback in project-based courses and reducing the workload of teachers. Managing this complexity requires scalable support mechanisms to ensure that students receive timely and effective practical guidance. Such systems have the potential to reduce instructor workload and support reflection, but their effectiveness depends on careful design and alignment with pedagogical principles. According to the Cognitive Load Theory (Sweller, 1988), learners have limited capacity in working memory, so instructional strategies must minimize unnecessary cognitive effort. This is especially pertinent in project-based learning environments, where students encounter open-ended problems and are required to engage in complex, higher-order thinking. Feedback that presents excessive or poorly structured information may increase the cognitive load and overwhelm students.

To support learning without overloading cognitive resources, any automated (or emulated) feedback process should be grounded in the principles of the Cognitive Load Theory. Feedback should be segmented into concise (small and manageable) units, delivered just-in-time, and supported with visual elements to reduce extraneous load. Early scaffolding should guide learners through complex tasks, with support gradually reduced as expertise develops. Tiered feedback progressing from hints to full solutions can accommodate varying levels of learner proficiency. Where feasible, comparisons with peer solutions and adaptation to individual learner models can further enhance relevance and cognitive efficiency. The timing of feedback is equally critical. Immediate feedback is particularly effective for procedural tasks such as tool use or data entry, whereas delayed feedback better supports metacognitive reflection and strategic problem-solving. Conceptual feedback, aimed at deeper understanding, should be provided after task completion to facilitate reflective learning. Automated feedback should be concise, timely, and systematically structured to avoid overloading learners' working memory. Well-designed feedback reduces extraneous load and enhances germane load, supporting schema construction. Early-stage learners benefit most from scaffolding, while more advanced learners require less instructional support (Sweller, 2020).

Another issue is that project-based learning often incorporates elements of informal learning, particularly when students take ownership of their projects, explore topics beyond the curriculum, and engage in self-directed or peer-driven learning. The level of formality depends on how the project is designed and implemented (Rostom, 2019; Ulseth, 2016).

Therefore, we believe that rather than a separate feedback tool, a context-aware system that integrates an automated feedback mechanism is needed in the future. In this study, we emulate such automation using instructors, focusing on its feasibility rather than a fully automated intervention.

The objective of the current pilot feasibility study was to explore how context-aware simulated automated formative feedback affects students during project-based learning in software engineering courses compared to traditional feedback. To achieve this, we conducted an experiment where instructors provided simulated automated formative feedback in team-based programming projects, evaluating its feasibility and impact from the student perspective. This paper examines the role of such simulated automated formative feedback in comparison with traditional feedback and discusses its implications for project-based learning in software engineering curricula.

The rest of the paper is structured as follows: in Section2, we clarify the context of our discussion, the terminology used, the methodology and how we designed and conducted the experiment; we present the results in Section 3; Section 4 provides analysis and discussion, addresses the limitations of the study and outlines directions for future work.



2 Materials and methods


2.1 Background and motivation

In this section, we clarify the context of our experiment and the terminology used.


2.1.1 Project-based learning in engineering education

A study (Ingale et al., 2024) involving 816 engineering students strongly supports the need for implementing project-based learning in engineering disciplines. Emphasizing practical application, collaborative problem-solving, and real-world relevance, project-based learning could address many of the shortcomings of the traditional approach.

Research (Palmer and Hall, 2011) breaks down project-based learning in engineering education into the following components:

• Students complete a number of educational activities as per the problem or project tasks

• Students work on projects in teams

• The nature of projects is non-trivial, real-world, and often multi-disciplinary

• The projects include the development of a concrete artifact, such as a design, model, thesis, or computer simulation

• At the end of the project, students write a report describing the project methods and the final product and participate in the project defense with an oral presentation

• Project supervisors or instructors take on the roles of advisors or coordinators

Project-based learning enhances the student experience by fostering teamwork, self-motivation, and a sense of ownership of the problem, solution, and learning process. It also promotes self-regulation, problem-solving skills, and engagement with authentic engineering challenges and professional practices. In addition, project-based learning helps students develop and understand the interdisciplinary and systemic nature of engineering problems while improving reflective, written, oral, and other communication skills (Palmer and Hall, 2011).



2.1.2 Project-based learning in the software engineering course

A software engineering course is complex to teach. Previous studies have demonstrated that project-based learning is effective in teaching software engineering education curricula. This approach allows students to apply their knowledge in practice and provides the opportunity to work on real-life projects that are as close as possible to industrial practices and include advanced technologies, boosting motivation significantly (Adorjan and Solari, 2021; Ceh-Varela et al., 2023; Luburić et al., 2024; Subramaniam et al., 2017). Software engineering courses involve computer science's analytical and descriptive tools, algorithms, debugging tools, and modeling and simulation tools, as well as engineering's rigor for software development.

The project-based approach to teaching software engineering courses offers students the opportunity to go through the full software development lifecycle. Throughout this process, students work in teams and develop complex software while applying their theoretical knowledge (Ceh-Varela et al., 2023).



2.1.3 Student support during project-based learning

Project-based learning provides many benefits to students. Despite this, project-based learning also comes with a set of challenges. Researchers (Palmer and Hall, 2011) conducted a project-based study in which they conducted a survey among students. As a result, students confirmed the aspects listed in Section 2.1.2 as positive. As negative aspects, students noted the significant time demands, routine documentary work, idea generation, searching for information and methods for problem-solving, managing teamwork as well as problems with team members who did not complete their tasks. Students also cited the need for guidance and preparation for teamwork as well as guidance in writing design/engineering reports.

One component of the learning objectives of software engineering courses is related to the ability to use technology and solve problems. Students often lack experience and need support in both areas. Teachers typically support students during project-based learning through weekly face-to-face sessions, during which the students report on what they have done, and the teacher gives feedback. Research has shown that students see this support as insufficient. Among the suggestions for improvement, the most common is students' need for support and guidance as well as faster feedback and formative feedback (Jaber et al., 2023; Jia et al., 2022).




2.2 Methods

The experiment is based on four aspects: the participants involved, the instruments used, the procedures carried out, and the results obtained.


2.2.1 Participants

In total, 86 students participated in the experiment. The participants were the first-year bachelor-level students of the Business Information Technology study programme at Tallinn University of Technology (TalTech) who were enrolled in the “Information Systems Development II: Development Techniques and Web Applications” study course in the spring of 2024.

The Business Information Technology study programme at TalTech is a 3-year bachelor's degree programme designed around inductive learning approaches. It includes project-based software development courses where students work on projects in teams, with each team having a unique project. Such project-based courses focus on software engineering and are offered to students starting from the first year of study. The “Information Systems Development II: Development Techniques and Web Applications” course aims to introduce the fundamental concepts of software development in a professional context. The course is focused on software engineering and introduces the quality context: requirements, usability, code quality, and testing. The course is worth 12 ECTS (European Credit Transfer and Accumulation System) credits, which, according to the Estonian legislation, corresponds to a total workload of 312 h per student during the semester. The course duration is 16 weeks. The software development project is a part of the course. The theoretical and practical materials of the course were studied from weeks 1–12. Students received project ideas from the instructor and worked on the projects for 4 weeks, from the 13th to the 16th week. All project ideas were based on real-life scenarios, allowing students to apply their knowledge in real-world conditions.

After receiving the project ideas from the instructor, the students had to review the project requirements, form project development teams of two members, and define their roles. Once the teams were formed, each student team had to choose one of the proposed project topics and prepare and present a plan for implementing the project. The instructor provided feedback on the plan. After reaching an agreement with the instructor on the plan and deadlines, the student teams worked independently on their projects. The students presented mid-term progress reports at weekly meetings (once per week). After each presentation, the instructor gave feedback on the students' work. The students then continued to work on the project and prepared for the final presentation and defense.



2.2.2 Experiment design and procedure

The experiment was conducted over 4 weeks (while students were working on the projects). The project period was divided into four milestones/phases (with each phase lasting 1 week):

1) First week: the data model is designed and programmed, data tables are generated for all classes, and all data layer classes are tested with unit tests.

2) Second week: the domain logic layer and repositories are designed and programmed, and all corresponding classes are tested with unit tests.

3) Third week: all presentation layer classes and controllers are designed and programmed, and everything is tested with integration tests.

4) Fourth week: all presentation layer views are designed and programmed, and everything is tested with acceptance tests.

The students were randomly divided into four groups with the condition that students working on the same project (belonging to one development team) always ended up in the same group: Group 1, Group 2, Group 3, and Group 4. For each phase, one group was selected and assigned to the experimental condition (in the first week of the project period, Group 1 was in the experimental condition; in the second week, Group 2, and so on). The remaining students were included in the control condition. Thus, the students in the experimental and control conditions changed weekly. This was necessary to ensure that all students received equal treatment during the course. This approach ensured that each student experienced both feedback conditions, thereby increasing statistical power and mitigating any issues related to incomparability between groups.

All students were informed in advance about the experiment and given the choice to participate voluntarily. Those who opted out were able to complete the course as usual. No personal data were collected, and participants consented to the use of their anonymized survey responses for research purposes. Ethical approval was not required for this study because it was conducted anonymously, with informed consent obtained from all participants, and no personal data were collected. All procedures complied with the institutional and national ethical requirements.

Students in the experimental condition were randomly divided among three teachers (with the same condition as mentioned above: students working on the same project had the same teacher). Additionally, we conducted a comparative analysis of the key characteristics of the students distributed among the teachers to ensure that each teacher received a group of students with an equivalent skill level. The students worked on the project tasks throughout the week. Students in the experimental condition were guided and received simulated automated formative feedback almost in real time throughout the week. In the control condition, which followed business-as-usual practices, students received feedback at the end of the week in which the deadline for submitting work was due. Additionally, students in the control condition could send questions by email, to which the teacher responded within 1–3 days.

The teacher's task was to provide students with formative feedback in an automated-like mode, simulating an automated system. Although referred to as “automated feedback,” the feedback was in fact delivered manually by instructors who emulated automated responses. Some responses were scripted in advance to replicate the behavior of an automated support system. In the future, such feedback will be automated. All questions from students were collected for the future development of automated feedback design.

We conducted a survey at the end of each week to examine how students evaluated the two feedback conditions. Throughout the experiment, each student was asked to complete the survey four times. The questionnaire was available electronically on Moodle. Students answered the survey on a voluntary basis, and there were no penalties for not responding.



2.2.3 Instruments

To study the attitudes of students toward simulated automated formative feedback and support, we conducted a survey inspired by research (Bruck et al., 2012; Gómez et al., 2014; Wu et al., 2012; Yin et al., 2015). We utilized an abbreviated version of their questionnaire because not everything queried in it was ready (Supplementary Appendix A).

The questionnaire consists of four categories of questions:

• Learning approach

• Cognitive load

• Acceptance

• Learning influence

Each category contains 3, 6, 8, and 4 questions, respectively. All questions follow a 5-point Likert scale format, where students indicate their level of agreement or disagreement (from 1 = Strongly disagree to 5 = Strongly agree). If a question could not be answered, students selected “0” and the question was excluded from the analysis.

The internal consistency of the measurement instruments was evaluated afterwards. Cronbach's alpha was 0.736 for the learning approach questionnaire, 0.813 for the cognitive load questionnaire, 0.824 for the acceptance scale, and 0.757 for the learning influence scale. For the entire questionnaire, it was 0.925.

Due to the rotating-group design, each student participated in both control and experimental conditions across the 4-week period. This within-subject structure allowed us to provide all students with equal learning conditions, keep the baseline competence constant, and control for individual differences. Accordingly, we did not include pre-intervention performance as a covariate. To account for repeated measures and inter-individual variability, linear mixed-effects models were applied, with random intercepts for students.





3 Results

In this section, we discuss the experimental results across four categories: learning approach, cognitive load imposed by simulated automated formative feedback, acceptance of context-aware simulated automated formative feedback, and learning influence.

After the first week of the experiment, the total survey response rate was 58% (with 58% from the control group and 57% from the experimental group). In the second week, the overall response rate was 62% (with 66% from the control group and 50% from the experimental group). In the third and fourth weeks, the response rates were 57% (with 58% from the control group and 53% from the experimental group) and 52% (with 56% from the control group and 38% from the experimental group), respectively. In total, we received 43 responses related to simulated automated formative feedback and support (experimental condition) and 151 responses related to the traditional learning approach (control condition). The distribution of responses across four categories is shown for the two conditions in Figure 1.
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FIGURE 1
 Student perceptions across four dimensions—learning approach, learning influence, acceptance and cognitive load—for simulated automated formative feedback (blue) and traditional feedback (red). Results are based on a 5-point Likert-scale questionnaire.



3.1 Learning approach

Students evaluated both learning approaches positively, with mean scores exceeding “4” across the three measured dimensions: comfort, effectiveness, and preference (see Figure 1). The experimental group reported a mean score of 4.27 (SD = 0.59), while the control group scored 4.16 (SD = 0.59), as shown in Table 1. Multilevel linear mixed model analyses with group and participant as random effects were performed to test whether students gave a higher rating for the learning approach in the experimental condition compared to the control condition. This was not the case, with F(1, 34.7) = 1.41, p = 0.243 and a small effect size (Cohen's d = 0.18).

TABLE 1 Descriptive statistics for learning approach by group.


	Learning approach (condition)
	N
	Mean
	SD





	Experimental
	41
	4.268
	0.593



	Control
	143
	4.161
	0.588







3.2 Cognitive load

The cognitive load scale aimed to assess the cognitive load experienced by the students. The mean score for the experimental condition was 4.16 (SD = 0.67), while the control condition scored a virtually identical 4.15 (SD = 0.58) (see Figure 1 and Table 2). No differences between the two conditions were found using the linear mixed model: F(1, 38.02) = 0.33, p = 0.569. These findings suggest that the simulated automated support and feedback did not impose additional cognitive load on the students in the experimental condition.

TABLE 2 Descriptive statistics for cognitive load by group.


	Cognitive load (condition)
	N
	Mean
	SD





	Experimental
	43
	4.164
	0.671



	Control
	146
	4.154
	0.580







3.3 Acceptance

We analyzed acceptance in three categories: ease of use, attitude toward context-aware adaptation, and usefulness. The mean scores are shown in Figure 1 and Table 3. More specifically, the category “ease of use” consists of two items: one assessing “the response speed of the feedback” and the other evaluating “how easy it is to ask for feedback and receive responses.” Students rated both aspects positively, with an average score of 4.17 (SD = 0.53) on a scale of 5. These mean values indicate that participants found the system easy to use. Students also rated context awareness highly. They found that adapted feedback helped them complete learning activities based on their contextual information. Additionally, they agreed that associating feedback with real content contributed to their learning, with an average rating of 4.44 (SD = 0.55).

TABLE 3 Descriptive statistics for acceptance by group.


	Acceptance (category)
	Condition
	N
	Mean
	SD





	Easy of use
	Experimental
	41
	4.171
	0.532

 
	Control
	139
	4.086
	0.722



	Attitude to context-aware adaptation
	Experimental
	43
	4.442
	0.548

 
	Control
	144
	4.358
	0.569



	Usefulness
	Experimental
	42
	4.405
	0.407

 
	Control
	144
	4.231
	0.541





A slight difference was observed in the usefulness assessment, with students from the experimental condition giving higher ratings: the average ratings of simulated automated formative feedback and traditional feedback were 4.41 (SD = 0.41) and 4.23 (SD = 0.54), respectively. A linear mixed model analysis showed a significant difference between the experimental and control conditions: F(1, 48.9) = 5.07, p = 0.029. While the effect is small, it may suggest that simulated automated formative feedback (emulated in this study by instructors) is perceived by students as slightly more helpful in supporting their progress toward the learning goals. Students noted that requesting and receiving feedback through the system was a clearer and more structured process, which aided their understanding of both the content and the learning stages.



3.4 Learning influence

Analysis of learning influence shows that students perceive simulated automated formative feedback as giving them the opportunity to improve and redo tasks. They find that it helps them recall what they have learned and experienced, and they believe it will be beneficial in their future learning. The scores are shown in Figure 1 and in Table 4. The average ratings of simulated automated formative feedback and traditional feedback were 4.39 (SD = 0.08) and 4.35 (SD = 0.04), respectively. The difference between the experimental and control conditions was not significant: F(1,44.7) = 0.393, p = 0.543.

TABLE 4 Descriptive statistics for learning influence by group.


	Learning influence (condition)
	N
	Mean
	SD





	Experimental
	43
	4.390
	0.541



	Control
	146
	4.350
	0.536








4 Discussion

The current pilot study explored the application of simulated automated formative feedback, emulated by instructors, on student perceptions and learning experiences in a project-based software engineering course. Survey responses indicated high overall satisfaction with feedback in both conditions. Overall, 93% of students reported that both the simulated automated formative feedback and the traditional feedback provided them with opportunities to improve and redo tasks. Additionally, 93% of students indicated that the simulated automated formative feedback supported their learning process, and 97% said the same of the traditional feedback. Furthermore, in both conditions, 95% of students agreed that the feedback—whether provided automatically or traditionally—would be beneficial for their future learning. These results suggest that students were generally satisfied with the feedback and support received, regardless of the method of delivery.

The only statistically significant difference between the two conditions was that students gave a slightly higher rating to the learning approach for simulated automated formative feedback than for traditional feedback; however, this effect was small. Taken together, these findings indicate the potential of simulated automated formative feedback to support student learning in project-based contexts, while maintaining quality, reducing teachers' workload, and avoiding additional cognitive load. Importantly, these conclusions apply to a simulated setting, and the effects of a fully implemented automated system may differ.

The results of our study can be contextualized within recent empirical research on the application of automated feedback in higher education. For example, Jia et al. (2022) conducted an experimental study on feedback for student software project reports and found that automated feedback significantly improved revision quality and student satisfaction.


4.1 Limitations and considerations

The within-participant design of our study optimizes statistical power and mitigates to some extent the limited sample size. However, several limitations should be considered when interpreting the results. First, the sample was taken from one course at one university, which limits generalizability.

Second, response rates varied throughout the study period and across conditions, ranging from 52 to 62%. However, participation in the experimental group dropped sharply in the final week, reaching a low of just 38%. This decline likely reflects survey fatigue resulting from repeated data collection, raising concerns about potential non-response bias. Specifically, it is plausible that non-respondents were systematically less motivated or less satisfied, which could have skewed the results toward more favorable evaluations (Fass-Holmes, 2022).

As the same students participated in both the control and experimental conditions at different times, the risk of group-level bias was minimized. To mitigate the impact of non-response, linear mixed-effects models were employed, enabling robust estimation from incomplete data (Twisk et al., 2013). Nonetheless, some bias may remain if non-respondents differed systematically in motivation or satisfaction. Future studies should consider measures to increase response rates, such as incentives or mandatory completion protocols.

Third, while the rotating-group design allowed each student to serve as their own control, thus mitigating baseline competence variability, students were not fully randomly assigned due to the need to preserve team integrity in project work. This practical constraint may introduce selection bias and limit the generalizability of results.

Fourth, the “automated feedback” used in this study was entirely simulated by instructors using pre-defined templates and real-time responses. Although this approach effectively approximated a context-aware system, the lack of full automation limits the conclusions that can be drawn regarding implementation scalability or system performance. The future deployment of truly automated feedback systems raises additional risks, such as ethical concerns, algorithmic bias, and data privacy issues—critical considerations when proposing AI-driven solutions in educational contexts. García-López et al. (2025) emphasize the need to develop comprehensive regulatory frameworks and pedagogical strategies to address critical ethical issues such as data privacy, algorithmic bias, and educational inequity in the deployment of generative AI in education.

Fifth, instructors were not blind to group assignments due to the logistics of the rotating design. Although standardized feedback templates minimized potential bias, instructor bias cannot be completely ruled out (Wang and Han, 2022). This limitation should be addressed in future experimental designs through instructor blinding or peer-reviewed response protocols.

Furthermore, our study relied primarily on students' perceptions of feedback usefulness and learning influence. No objective indicators of learning effectiveness, such as project quality scores or exam performance, were included. As a result, the findings reflect attitudes rather than demonstrated performance. Future studies should triangulate self-reported data with objective performance outcomes (Gao et al., 2023). Given that most observed effects were small and statistically non-significant, our interpretations should be regarded as preliminary. The findings suggest that simulated automated formative feedback is at least not inferior to traditional feedback, but claims of superiority should be approached with caution.

Finally, the study captured only short-term effects within a single course at a single institution. Broader validation across multiple disciplines, course structures, and institutional contexts is necessary to assess generalizability and long-term impact. Further research involving multiple courses and curricula is required to develop a more comprehensive understanding of the role that AI-generated feedback plays in supporting student learning and academic development.

Despite the potential of AI to enhance educational measurement, researchers and practitioners must carefully consider its limitations, ethical challenges, and practical implications (Bulut et al., 2024). An informed understanding of these factors is crucial to prevent over-reliance, unquestioning trust, or misuse of AI technologies, especially in high-stakes educational settings where errors or biases can have significant consequences (Palumbo et al., 2024). The current study should therefore be interpreted as a pilot investigation that explores feasibility rather than providing definitive evidence of fully automated interventions.



4.2 Future work

The findings align with current educational trends. Students are often provided with project-based learning courses where software development projects should be completed in teams under academic supervision. Projects can be educational projects proposed by a teacher that are as close as possible to real-life conditions, or real projects proposed and implemented with industrial partners. Such projects are challenging for students due to their lack of practical experience, making timely support essential (Magana et al., 2023). They are also challenging for teachers, as providing individualized support to a large number of students requires a substantial time investment, which is often impractical. To meet these challenges, we are developing a context-aware system for learning and teaching that integrates mechanisms for student support and feedback.

In the next phases of our research, we will focus on applying automated feedback to 12–14-week capstone courses and industry-partnered real-world development projects. These longer and more complex assignments will allow us to test automated feedback scalability and adaptability to interdisciplinary requirements, where assessment criteria are often more dynamic and multi-layered.

Additionally, in the longer term, we will pursue several further research directions:

• Learner motivation and engagement analysis to evaluate the impact of automated feedback on learning dynamics

• Automated feedback adaptation for different academic disciplines (e.g., engineering, economics, natural sciences, and maritime studies at Tallinn University of Technology)

• Multilingual support development to assist learners in international and multicultural learning environments

• Longitudinal studies tracking the effects of automated feedback on learners' academic performance and metacognitive awareness over multiple semesters

By bringing together these developments, we aim to provide a comprehensive and well-considered framework that will shape future educational-technology practices and support the broader adoption of effective, ethically responsible AI-based feedback systems.
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